Abstract-Electrochemical energy storage is critical for a range of applications spanning electrified transportation and grid energy storage, and there is a need to further improve both the active management and diagnostic capability of current battery management systems. Lithium-based battery chemistries have been favored for their high energy and power densities but require precise management to prevent premature degradation and failure. This work presents an efficient power converter (based on a switched-inductor ladder topology), instrumentation, and an embedded control platform that can provide both active balancing and real-time diagnostic capability through electrochemical impedance spectroscopy (EIS). A digital proportional-integral controller enforces sinusoidal reference signals from a direct digital synthesizer, enabling the power converter to perturb the cells and extract their impedance. Cell-level diagnostics allow for noninvasive measurement of physical electrochemical battery properties that can be used to assess the state of charge and state of health of a battery. A ladder converter prototype was implemented on a printed circuit board to perform EIS on two Panasonic 18650 cells in series. Experimental results showed balancing converter efficiency of 95%, and the accuracy of the prototype was validated through comparison to a state-of-the-art commercial benchtop system. Index Terms-Battery management, electrochemical impedance spectroscopy (EIS), online diagnostics.
A Scalable Active Battery Management System
With Embedded Real-Time Electrochemical Impedance Spectroscopy
I. INTRODUCTION

E
LECTROCHEMICAL energy storage has increased in importance in recent decades due to the rapid growth of electrified transportation and the need to mitigate variability in renewable energy sources [1] . While these applications demand large-scale energy storage, they also require robustness, low cost, and often high energy and power density. Key metrics in most battery systems include state of charge (SOC), which is an estimate of available energy capacity, and state of health (SOH), which is an estimate of remaining useful life [1] - [3] . In addition, Manuscript received March 8, 2016 ; revised July 11, 2016 ; accepted August 24, 2016 . Date of publication September 8, 2016 ; date of current version February 27, 2017 . Recommended for publication by Associate Editor F. H. Khan.
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Digital Object Identifier 10.1109/TPEL.2016.2607519 many systems and applications desire knowledge of more specific metrics such as series resistance, cell temperature, package strain, presence of gas emission, etc., as these relate to SOH and other specific actions that can be taken in a system controller [4] - [7] . While research into battery state estimation is extensive and often focused on observer-based methods [2] , [5] - [10] , predominant commercial solutions tend to employ more traditional coulomb counting [11] and very accurate voltage and current measurements and behavioral models using lookup tables and past history [6] , [12] . The need for improved battery state and health estimation, as well as diagnostics of specific failure modes, is acute. In many applications, there is a tendency to overdesign the battery pack in terms of capacity, operating range, and charge/discharge rates [4] . Overdesign is compounded by uncertainties in SOC/SOH estimates and the need for long lifetime and high reliability. Uncertainty increases during operation cycles, and conservative limits are placed on the battery as it reaches the end of its capacity. Fig. 1 demonstrates voltage dependencies on SOC and loading conditions that introduce difficulties into state estimation. First, the relatively flat slope of this discharge curve makes it extremely difficult to gain an accurate measurement of SOC from cell voltage alone. Second, the effects of loading conditions can drastically affect the amount of available power in low states of charge as cells are damaged if their voltage drops below 2.5 V. Therefore, accurate state estimation remains a primary issue for battery management systems (BMS) as it directly limits the energy and power density of the battery pack as a whole [5] . For example, coulomb counting works by 0885-8993 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information. integrating the current into and out of the battery to measure the charge directly. This method does not only require current instrumentation with extremely low offset but also requires knowledge of the current battery capacity of the battery. Often both voltage-and charge-based SOC estimation have to be combined to achieve sufficiently accurate results [13] .
Opportunities to implement impedance-based state and health estimation are also well known in the electrochemistry literature [3] , [6] - [8] , [14] , and ongoing electrochemical research aims to establish reliable relationships between impedance data and battery metrics such as SOC, SOH, and internal temperature [15] - [17] . In particular, electrochemical impedance spectroscopy (EIS) is a widely used tool in electrochemical applications as it provides a nondestructive method of analyzing internal processes from external measurements. EIS can characterize specific electrochemical phenomena as they are segmented in the frequency domain in a Nyquist representation, as shown in Fig. 2 [3] . For example, mass-transport effects, the diffusion or migration of ions through the electrolyte, electrodes, or separator can be identified at low frequency (mHz-Hz). Charge transfer in the electrochemical double layer is observed in a regime from hertz to kilohertz. Electromagnetic effects (physical capacitance and inductance) are observed in the kilohertz and higher frequencies [3] . However, the predominant use of EIS is at the benchtop using expensive calibrated galvanostats, potentiostats, or impedance analyzers. Potentiostats and galvanostats have been used for many years in corrosion measurement, coating evaluation, and, more recently, for the characterization of batteries, capacitors, and other energy storage elements [9] . There is significant interest to deploy impedance-based characterization online in large-scale battery arrays [7] , [8] , [18] . However, this requires a mixture of very accurate instrumentation, actuating capability to perturb the electrochemical operating state, and signal processing to derive the impedance estimate.
Electrochemical management is also made challenging by the fact that large-scale systems are typically constructed of many low-voltage cells configured in parallel and series strings [19] - [24] . Therefore, in most large-scale electrochemical arrays, a BMS is used to monitor and actively regulate (if possible) the states of individual cells or groups of cells in the stack [5] , [19] , [21] , [25] , [26] . This helps to reduce uncertainty of SOC and SOH estimates and the possibility to correct minor imbalances among cells or groups of cells, which can lead to differentiated aging profiles and compounded mismatch that can lead to capacity reduction or catastrophic failures within the pack [19] .
For certain chemistries, systematic overcharging of seriesconnected cells will result in equalization without catastrophic damage to cells, albeit on a long time scale [27] , [28] . However, active management of lithium-based cell voltages and currents is critical to prevent catastrophic over-or undercharge scenarios, extend lifetime, and maximize capacity [20] , [26] , [29] . Dissipative cell balancing, in which a resistor or transistor is switched across a cell as it reaches its top-of-charge, has become the predominant solution for its low cost and simplicity. However, this method is only effective during charge cycles and introduces heat generation and power loss [21] . Other methods, based on the utilization of efficient power electronics to transfer charge from cell to cell, build on past work in the field of distributed power electronics [21] - [25] , [30] - [33] . These differential power-processing topologies have been proposed and commercially developed [24] , [34] , but have not gained widespread market adoption. A potential reason may be the relatively high cost compared to the potential benefits. Fig. 3(a) shows dissipative balancing, together with the two more common active balancing topologies based on switching power converters, the ladder converter in Fig. 3(b) and the auxiliary bus converter in Fig. 3(c) . Fig. 3 also illustrates how power can be redirected in all three solutions to achieve cell balancing.
Therefore, the challenges of implementing an effective BMS are manifold: the system needs to instrument relevant signals, develop state estimates, monitor for possible failure modes, and (ideally) correct for system asymmetries, mismatch, and imbalance. This work explores a power electronics platform that embeds online EIS on top of a scalable multiple-input multipleoutput (MIMO) control algorithm for a distributed array of dc-dc converters. A high-level block diagram of the proposed system is shown in Fig. 4 . In the proposed system architecture, small and inexpensive dc-dc converters based on a buck-boost topology configure in a ladder converter as in [25] , [26] , [35] , and [36] . The distributed converter array can shuffle energy in parallel with the battery stack, similar to the partial or differential power processing concept discussed in [24] , [31] , [32] , [35] , and [36] . A MIMO control scheme, similar to that developed in [32] , is used to regulate individual cell voltages and apply a dynamic perturbation, used for spectroscopic diagnosis.
This work can be compared and positioned relative to the prior art highlighted in Table I . While the past work shown in Table I that implements power electronics all require an external power source or sink (e.g., charger or motor controller) to perform the perturbation [7] , [8] , [14] , [18] , [37] , this work focuses on the active redistribution of charge already present in the battery pack to generate the EIS perturbation. Also, while majority of past work focuses on EIS applied to a large group of cells, this work targets implementation at the cell level to give highly granular diagnostic information. Many of the past efforts also use exogenous excitation sources (i.e., a motor controller, [7] , [18] , or battery charger, [8] , [14] ), which cannot necessarily guarantee uniform perturbation power at all frequencies of interest. In other cases, the perturbation bandwidth is limited (e.g., 100 Hz in [14] and 2 kHz in [7] ). Here, we propose to implement a well-regulated dynamical perturbation source and use a novel signal-processing algorithm built in a field-programmable gate array (FPGA) to accurately and rapidly assess spectroscopic characteristics at the cell level in a scalable BMS.
II. CONVERTER TOPOLOGY AND CONTROL
Traditionally, potentiostats or galvanostats use a linear amplifier to enforce a perturbation on a test cell to implement EIS. Because linear amplifiers cannot store any energy, all energy that is required to enforce a sinusoidal perturbation on the battery is eventually dissipated in the linear amplifier. When the potentiostat or galvanostat is plugged into the wall and the cell under test is small, this is hardly an issue. However, this work targets online diagnostics for large battery packs where the use of linear amplifiers becomes impractical.
For a simple demonstration of the limitations of current EIS instruments, consider a single Panasonic 18650 3400-mAh cell with a dc resistance of 50 mΩ. Assuming voltage instrumentation requires a 10-mV perturbation to resolve the impedance of a cell, a perturbation current of 200 mA is required. This results in a peak power of 0.72 W when this current is delivered at the nominal Li-ion voltage of 3.6 V. Assuming dc resistance is inversely proportional to cell capacity, the peak power requirements to enforce a 10-mV perturbation on larger cells become prohibitively large to be enforced with a linear amplifier. Fig. 5 shows the peak required power for a 10-mV perturbation on a single 3.6 V cell of an arbitrary capacity, based on the dc resistance of a single Panasonic 18650 cell. Considering that an electric vehicle battery pack may contain almost a hundred of these cells in series, the hundreds of watts required for the EIS perturbation would quickly lead to heat dissipation issues if implemented in a traditional linear amplifier. Instead, this work leverages efficient power electronics to shuffle energy between battery cells, resulting in an order of magnitude reduction in power loss. Implementing EIS directly in the control of the balancing converter enables the system to actively correct imbalances or problems detected through EIS. For example, consider the proposed alternative where a dc-dc converter supplies the perturbation [the architecture of Fig. 3(b) ]. Assuming the converter has 95% efficiency, the total loss is only 2.5% of the total perturbation power. This is because, as the current is recycled as it flows in the stack, at a given point in time, power is only drawn from half of the cells and supplied back to the other half, i.e., every other cell. This provides a significant (40×) reduction of power loss compared to the scenario in Fig. 5 .
A. Converter Topology
In this work, we focus on a switched-inductor bidirectional buck-boost converter as the building block of a ladder converter that can shuffle power among an arbitrary number of series-connected cells, shown in Fig. 6 . A battery stack with N cells in series requires N − 1 converter stages. In this configuration, each inductor can be placed in parallel with one of the two battery cells, allowing power to be shuffled up and down the series stack. In past efforts, this topology has been applied to battery management and equalization [25] and also for photovoltaic differential power processing [32] , [35] . In this work, we use the switched-inductor ladder topology as a candidate architecture for embedded spectroscopic diagnostic capability. However, it should be noted that the techniques presented here could be applied to a wide variety of battery management architectures, e.g., dc-bus topologies [36] , auxiliary bus topologies [38] , and ladder architectures based on resonant switched capacitor converters [39] .
B. Control Scheme
While early battery management circuits were designed to provide nominally fixed 1:1 equalization of series-connected cells, modern chemistries such as Li-ion are extremely sensitive to charge and discharge levels and require accurate regulation. For example, it is known that voltage equalization alone is not sufficient as cell-to-cell variations in impedance can result in different SOC even when cells operate at equal voltages. This has led to a variety of control and regulation schemes, most of which need the ability to adjust cell voltage and current based on an SOC or SOH algorithm. Additionally, leveraging the power converter to implement EIS requires accurate regulation of a sinusoidal signal on the test cell. Fig. 7 shows a high-level block diagram for the implementation of the control scheme.
For the controller design, consider a single stage of the ladder converter, represented in Fig. 8 by switches M 1 and M 2 , inductor L, and bypass capacitors C b1 and C b2 . The converter operates in two phases, where for time D 1 T , switch M 1 is closed such that the inductor L is configured in parallel with V 1 , and for time (1 − D 1 )T , switch M 2 is closed such that the inductor is configured in parallel with V 2 . Ignoring parasitics and assuming the average voltage across the inductor is zero, the ratio between V 1 and V 2 in steady state is
Therefore, regulation of the voltage ratio between two adjacent cells can be achieved by modulating the duty cycle. However, the voltage ratio in (1) is difficult to instrument and to use as a control parameter as it is nonlinear and computationally intensive. Therefore, as proposed in [32] , the control variable is chosen to be Δv, defined as the difference between V 1 and V 2 . This provides significant simplification of the control algorithm, since Δv is relatively easy to instrument without computational complexity. In addition, a single duty cycle command, D i , is mapped directly to a single output, Δv i , for a given stage of the ladder converter. While a duty-cycle-based controller for the ladder converter in Fig. 6 is inherently a MIMO system, it can be shown that at a nominal 50% duty cycle (in the case assuming cell voltages are approximately equal), the control scheme approximates single-input single-output control [32] .
To design a controller capable of enforcing a desired Δv across the frequencies of interest, the converter model in [32] was expanded to include a dynamical battery cell model. As the dominant electrochemical dynamics span a frequency range [32] . Here, the nominal operating point assumes a balancing current of 250 mA between two cells at equal nominal Li-ion cell voltages, shown in Table III . In addition to the converter model, the battery cell model has to be added, which leads to seven individual energy storage elements: three from the converter and two from each cell. The seventh-order system is represented in state-space form as Fig. 8 . A proportional-integral (PI) controller was chosen to provide the desired frequency response, shown in Fig. 9 . The integral control term provides low steady-state error at low frequencies for balancing scenarios. However, due to a low frequency pole in the tens of Hertz range from the parallel RC in the battery cell model, integral control alone would cause instability resulting from insufficient phase margin. Therefore, a proportional control term was added to place a zero to maintain a conservative phase margin of 80
• , resulting in a control bandwidth of 10 kHz, which is sufficiently fast to capture the battery dynamics of interest. The above conditions and constraints give continuous-time controller gains of k p = 1.495 and k i = 27.706.
III. IMPLEMENTATION
This section describes the implementation of EIS in the ladder converter. A single stage of the ladder converter, two battery holders, and voltage and current instrumentation was implemented on a 3.1 in × 5.05 in four-layer printed circuit board (PCB), seen in Fig. 10 . The single stage of the ladder converter, consisting of a Coilcraft XAL5050-103 10-μH inductor, 4 × 4.7-μF ceramic bypass capacitors, power switches, a synchronous gate driver, and a digital isolator, occupies 0.32 in 2 of board area. A Digilent Genesys FPGA board is used for analog-to-digital converter (ADC) data filtering, digital pulse width modulation (DPWM) generation, and control implementation. The signal chain for measuring battery cell impedance is illustrated in Fig. 11 .
A. Perturbation Generation
A direct digital synthesizer (DDS) was implemented on the FPGA to generate arbitrary sinusoidal reference signals with frequency resolution of 1.5 mHz. With the converter operating in a nominal balancing mode (typically Δv = 0V ), the DDS creates a sinusoidal perturbation from a magnitude and frequency command. The feedback controller then enforces this signal on the cell. The duty cycle is produced from a 9-bit DPWM with 4 bits of dithering operating at a switching frequency of 880 kHz.
B. Instrumentation
Cell impedance is calculated from the magnitude and phase relationship between the current and voltage of a battery cell. Therefore, accurate and fast sampling of cell voltage and current is necessary for a reliable impedance measurement. Voltage and current values are digitized through TI ADS7254 12-bit ADCs for each individual cell as well as the two-cell stack. Each voltage and current is measured through its own dedicated ADC channel driven by shared triggers and serial clocks to ensure the measurements are synchronous and do not introduce a phase error. of interest in the low-frequency range (single digit millihertz) prevent the use of a simple ac-coupling capacitor. Instead, a digital servo-loop was implemented to remove the dc component of the cell voltage, effectively high-pass filtering and amplifying only the ac perturbation. Fig. 12(b) shows the circuit used to implement the dc servo-loop. To accommodate battery cells that may be above the supply voltage of the instrumentation, the voltage across each cell is divided by the resistive divider consisting of R 1 and R 2 :
where V in+ and V in− are the positive and negative terminals of the battery whose voltage is being measured, and V A + and V A − are the divided battery voltages, as indicated in Fig. 12 .
A binary search algorithm adjusts the output of the DAC so that the differential output of the servo-loop is 0 V, matching V DAC to the cell voltage, V in . The gain stage A 1 is included to utilize the full-scale range of the DAC to match the cell voltage without loss of resolution. Equating (2) and (3) removes the dc component of V A and gives the target value of A 1 as R 1 /R 2 . Two fully differential gain stages are used to provide a gain of 24.5 V/V. Each stage also forms a second-order Butterworth low-pass filter with a cutoff frequency of 100 kHz. Combined with the voltage divider gain of 1 6 , the overall gain of the circuit is 100 V/V with a fourth-order active filter with a cutoff frequency of 100 kHz. Fig. 12(a) shows the input to the circuit as some small ac perturbation on a cell's OCV. The circuit in Fig. 12(b) removes both the OCV of the cell and the common mode resulting from the cell not being connected to ground. Fig. 12(c) shows the fully differential output of the last stage of the amplifier with only the ac component of the cell voltage amplified. Digitization through the 5-V 12-bit ADC gives a voltage sense resolution of 24.4 μV.
2) Current Sense: While individual cell voltage measurement is a common BMS feature, individual cell current measurement presents a challenge in traditional BMS architectures. As battery load currents can be in the hundreds of Amperes, inserting a current sense resistor in series with each cell is not practical as it would result in large power losses. However, with the proposed ladder converter, cell current can be estimated by measuring only the balancing currents in each stage of the converter as shown in Fig. 13 . A simple current balance at each cell node can be performed to extract the absolute current into and out of each cell:
where i 1 and i 2 are the currents through cell 1 and 2, and i Rs,1 and i Rs,2 are the currents through sense resistors R s1 and R s2 , respectively. Assuming that the total current out of the series stack of cells, i load , is constant relative to the EIS perturbation frequency, then each cell's impedance can be calculated using only the balancing currents measured with each current sense resistor R s . This current-sensing method is scalable to an arbitrary number of series-connected cells without adding additional current sense resistors in series with the stack of cells. On the prototype circuit board, current is measured across a 20-mΩ current sense resistor, amplified through a current sense amplifier with a gain of 50 V/V, and filtered through a secondorder Butterworth low-pass active filter with a cutoff frequency of 100 kHz and a gain of 2 V/V. Digitization through the 5-V 12-bit ADC gives a current sense resolution of 1.2 mA.
C. Impedance Calculation
Voltage and current data from each ADC passes through a variable-downsample cascaded integrator-comb (CIC) decimation filter whose downsample rate is determined by the frequency of the perturbation. Thus, the timescale of perturbation of an arbitrary frequency is normalized to a fixed number of samples per period, enabling the same postprocessor to extract the impedance for all frequencies. Both current and voltage signals pass through the same digital signal-processing chain, which ensures that any phase contributions do not affect the impedance calculation. Data from a specified number of periods are stored on FPGA RAM and then collected and compiled for postprocessing. This process is repeated for a range of frequencies. After data collection has completed, the current and voltage data for each cell are filtered by an finite impulse response (FIR) filter, truncated to minimize the effects of startup transients, and processed by an I/Q demodulator to extract the magnitude and phase relationship. This process is detailed in Fig. 14 loop with a 50% duty cycle. Since cell voltages in a string are always approximately equal, the converter will mostly operate close to 50% duty cycle. As seen in Fig. 15 , peak efficiency was measured at 95.7% at 400-mA load current, which is the approximate range of the peak balancing currents required in this application. However, it can be appreciated that the efficiency profile of the converter (and the converter itself) could easily be tuned or designed to fit the specification of different applications. While there are a range of opportunities to improve the converter design (e.g., implement light-load high-efficiency modes), that is not the focus here.
2) Instrumentation: Fig. 16 shows how the dc component of the cell's OCV is largely removed through the implementation of a digital servo loop. Fig. 16(a) shows the binary search algothrim used to set the DAC voltage to the OCV of the cell. In this manner, the dc voltage of the cell is largely removed and only the ac component of the cell voltage is digitized and filtered through the CIC filter. The output of the CIC filter for perturbations of multiple frequencies is plotted in Fig. 16(b) , demonstrating the effective removal of most of the dc component of cell voltage.
3) Impedance Calculation: The method described above to calculate impedance from current and voltage data was verified on two Panasonic 18650 3400-mAh Li-ion battery cells. Fig. 17 shows the Nyquist plot of impedance measurements of one 18650 cell at nominal voltage of 3.65 V at perturbation frequencies ranging from 25 mHz to 7.66 kHz. Features of the impedance spectrum such as the low-frequency tail and negative reactance semicircle are consistent with the representative Nyquist plot shown in Fig. 2 .
B. Verification Against State of the Art
The prototype in this work was compared to one commercially available potentiostat, the Gamry Reference 3000. The Gamry is an industry standard electrochemical characterization instrument capable of highly accurate EIS measurements. The prototype system ran 47 perturbations ranging from 25 mHz to 7.66 kHz on a pair of Panasonic 18650 cells, and the Gamry ran 57 perturbations ranging from 20 mHz to 8.02 kHz on one of the same cells. Fig. 18 shows the comparison of the two system's impedance measurements. In Fig. 18(a) , it can be seen that the prototype system is capable of producing impedance data that is in good agreement with the reference measurement. The magnitude and phase plots in Fig. 18(b) and (c) give a little more insight into the Nyquist plot discrepancies between the two systems. At low frequencies, there is a maximum of 3% magnitude discrepancy that decreases with increasing frequency. At frequencies above 1 kHz, there is an increasing phase discrepancy between the two systems. The frequency at which the Nyquist plot crosses the real axis from negative to positive reactance marks the frequency at which inductance begins to dominate. Battery cell impedance models may include series inductance to represent inductance from current collectors and cabling, e.g., a value of 170 nH in [40] . Despite efforts to twist wires and minimize the inductance of the Gamry setup, the relatively long leads to the free-hanging battery holder resulted in an LCRmeter measurement in the hundreds of nanohenry. Therefore, the phase discrepancy in frequencies above the real axis crossing can be largely attributed to the added inductance from the Gamry's measurement setup compared to the board-mounted battery holders used in the prototype.
C. Circuit Equivalent Model
Online applications introduce data storage constraints, making it impractical to store entire sets of EIS data. Therefore, online applications require mapping the EIS data to battery cell impedance circuit equivalent models [41] . The battery cell model in [40] was developed to reflect electrical equivalents of physical electrochemical processes, enabling the tracked parameters to be used as a metric of the state of physical processes within the battery. This work uses a simplified version of the impedance model developed in [40] and is shown in Fig. 19 . The main difference between the model in [40] and this work is that the Faradaic impedance described in [40] , used to capture charge-transfer resistance and solid-phase diffusion impedance, is replaced with an explicit resistor and the Warburg element taken from the Randles model, defined as Z w = A w / √ jω. A least-squares regression analysis was performed to find component values for the battery cell impedance model such that the modeled impedance optimally matches the measured impedance of a test cell. The regression used a LevenbergMarquardt regression on only the imaginary impedance to minimize percentage error across the entire frequency spectrum. Table IV contains the component values for the battery cell impedance model shown in Fig. 19 . Fig. 20 shows a Nyquist plot comparison of the measured and modeled impedance of a cell at top of charge. Some discrepancies between the measured and modeled impedances remain, e.g., the two semicircular regions of the modeled impedance are more distinct than that of the measured impedance. Still, the regression is capable of reasonable matching, and storing component values for a battery cell model instead of data for an entire range of frequencies could be used as a way to track the state of internal processes of the battery in an online application.
V. CONCLUSION
This work presented a method for implementing EIS in an efficient active-balancing BMS. In addition to effective and efficient cell balancing, it was shown that an appropriate control scheme can enforce a sinusoidal perturbation on a battery cell. Proper instrumentation to measure the cell's response to an external voltage perturbation enables the noninvasive extraction of the condition of internal electrochemical processes through industry-standard EIS. Validation of the prototype BMS against a commercially available benchtop potentiostat confirmed the accuracy of battery cell impedance measurements. Finally, a method for fitting a battery impedance model to test data was presented to track the state of internal electrochemical processes.
